Using longitudinal data on more than 2,000 Russian families spanning the period between 2007 and 2010, this paper estimates the impact of the 2009 global financial crisis on food expenditures, health care expenditures, and doctor visits in Russia. The primary estimation strategy adopted is the semi-parametric difference-in-difference with propensity score matching technique. The analysis finds that household health and nutritional behavior indicators do not vary statistically between households that were crisis-affected and households that were not affected by the crisis. However, This paper is a product of the Human Development Economics Unit, Europe and Central Asia Region. It is part of a larger effort by the World Bank to provide open access to its research and make a contribution to development policy discussions around the world. Policy Research Working Papers are also posted on the Web at http://econ.worldbank.org. The author may be contacted at majwad@worldbank.org. the analysis finds that crisis-affected poor families curtailed their out-of-pocket health expenditures during and after the crisis more than poor families that were not affected by the crisis did. In addition, crisis-affected vulnerable groups changed their health behavior. In particular, households with low educational attainment of household heads and households with more elderly people changed their health and nutrition behavior response when affected by the crisis. The results are invariant to the propensity score matching techniques and parametric fixed effects estimation models.
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Introduction
The recent global financial crisis hit the Russian economy very hard, leading its GDP to contract by 7.9 percent in 2009 after registering almost 7 percent GDP growth rates in the years prior to the crisis. Moreover, the pace of poverty reduction decelerated noticeably. While the impact of economic downturns on poverty has been studied, including using micro-simulation models of human development, such as education and health behavior and outcomes, have received less attention in the literature. One reason for the nascent literature studying the crisis-human development nexus is that sufficiently detailed data, which allow households to be followed over a period of several years, is scarce. The data scarcity is particularly acute in emerging economies.
Economic shocks elicit conflicting health behavioral responses depending on whether the income or substitution effects dominate. During economic crises, the income effect directly reduces consumption of privately funded medical care, private insurance and healthy behavior, while it indirectly increases psychological costs and the likelihood of poor diets. In contrast, during crises, the substitution effect lowers the (opportunity) cost of time dedicated to healthy activities (exercise, breast feeding, etc.), increases the time available to invest in individual and household health, and reduces job-related accidents and stress.
This study analyzes the relationship between income shocks experienced during the 2009 economic crisis and health and nutrition behavior. The study, therefore, provides insights into household health and nutrition behavior during crises, specifically: (i) total household consumption of food; (ii) total household out-of-pocket health expenditure; and (iii) household doctors' visits. We use the Russia Longitudinal Monitoring Survey, which contains longitudinal data on over 2,000 Russian families spanning the period between 2007 and 2010.
We employ a difference-in-difference with propensity score matching technique to measure the impacts of the recent crisis in Russia on health and nutrition behavior. In addition, we carry out two separate robustness checks on our findings. The first check is propensity score matching (PSM). 2 The second check is to apply a parametric fixed effects model. We find that the results are substantively unchanged to the estimation methodology employed.
This paper contributes to the extant empirical knowledge of the crisis-human development nexus in a few, crucially important ways. The first contribution of this paper is that while past studies generally relied on repeated cross sectional household survey data (McKenzie, 2003 , EBRD, 2011 , McCulloch, 2010 , Dasgupta and Ajwad, 2012 , this study analyses the crisis-human development nexus using longitudinal data in an emerging economy. As such, this is the first attempt to analyze the impact of crisis-induced income shocks in Russia by using longitudinal data and, thereby, to capture dynamic human behavior more accurately. 3 Longitudinal data reduce two potential sources of bias associated with cross-sectional data: (i) selection bias due to differences in observable factors between the crisis-affected and non-affected households, and
(ii) selection bias due to endogeneity of being affected by an income shock. Longitudinal data has only been used in the context of advanced (OECD) countries in past research on the crisishuman development link (see for example Latif, 2010) . The second contribution of this paper is that our methodology is not only able to analyze if there is a statistical significance between households affected and not affected by an income shocks, but is also able to discern if there is a statistical significance between the affected and not affected households before and after the crisis. As such we capture both, the impact of the crisis and the impact of an income shock sustained during the crisis year. The third contribution of the paper is that we go beyond analyzing the impact of the crisis on the average household in Russia, and we also study the impact on poor and vulnerable households separately. Performing the analysis on poor and vulnerable households separately is important because there is every reason to believe that a crisis will have a differential impact on these groups in comparison to the general population.
Our analysis of the crisis in 2009 in Russia shows that there was no statistically significant impact on average on food consumption, out-of-pocket health expenditures, and doctors' visits of income-shock affected households. However, we find robust evidence that poor (lowest quintile) households affected by an income shock spent less on health services, compared to households not affected by an income shock. 4 Furthermore we find evidence that vulnerable people affected by the crisis in 2009 altered their health and nutrition behavior. In particular, households with low educational attainment of household heads (less than secondary school completed) that suffered an income shock tended to decrease expenditures on both food and health services, while households that had a higher number of elderly people (older than 60 years) tended to curb the use of health services. These findings suggest a particular need to protect the health and 3 While there are some studies that have looked at the impact of the process of transition as well as the impact of the 1998 crisis on health outcomes, it is worth mentioning that these studies rely on pooled longitudinal data and they usually span only 2 years. 4 By the same token, when the analysis is conducted to a restricted sample of the two upper quintiles of the population (4 th and 5 th ), we see that households that are affected by the crisis but are more affluent tend to spend more on health services.
nutritional needs of the poorest and most vulnerable in the population, but not necessarily the entire population.
This paper is organized as follows. Section 2 reviews the most relevant literature in the area of health and economic crises, whilst section 3 describes the data used in the analysis. Section 4 takes stock of some descriptive statistics of variables used in the analysis. Section 5 presents the empirical strategy used in the paper together with three separate robustness checks. Section 6 presents the results and Section 7 briefly relates the findings to those reported in past work. However, the absence of a robust link between economic crises and nutrition in the papers above might be a result of the methodological and data shortcomings. Indeed, as some of the authors point out, the nexus between the two variables is a complex one, thus involving various coping strategies that are usually not captured by some of the extant surveys. Moreover, it may well take a few years for a clear pattern to emerge -something that is almost impossible to do when a cross-section dataset or a two-year longitudinal data is used for analysis. Indeed, Vella (1997) and Popkin et al (1996) both use two year longitudinal datasets. Furthermore, as pointed by Popkin et al (1996) , it is possible that some of their results are driven by differences in samples. In particular, it seems paradoxical that, in 1994, elderly people were poorer than before, spent a smaller proportion of their income on food, and yet had not lost weight. Finally, almost all of the papers above caution that their findings are preliminary and that further study of the crisis/nutrition nexus is needed in order to shed further light.
Data
In this study, we employ the Russia Longitudinal Monitoring Survey ( For the purpose of this exercise, we construct a longitudinal dataset composed of 2,191 families who are followed from 2007 through 2010. 5 There are a few ways of defining households that were affected by an income shock. Dasgupta we may be including some households that are affected by idiosyncratic shocks (families losing income due to voluntary job losses unrelated to the crisis, death of a member in the family etc.).
However, this attribution is unavoidable and past work has been unable to separate crisisaffected households from households affected by shocks unrelated to the crisis (Cunningham 5 We construct our dataset using guidance provided in the RLMS website. . Given this definition, 452 families are classified as 'crisis-affected'. 6 We focus on three indicators that are available in the data and provide insights into nutritional and health seeking behavior in the Russian Federation: (i) total food consumption; (ii) total outof-pocket health expenditure; (iii) number of doctor's visits. 7 
Descriptive statistics
Based on the definition above, we divide households into two main groups -those 'crisisaffected' and 'not affected' by income shocks. As mentioned above, there are 452 families in the sample that were affected during the 2009 crisis in Russia. This section presents summary statistics of our main variables of interest for both crisis-affected and not-affected households.
There are a few important conclusions that stem from the descriptive statistics presented in Table 1 . First, the average monthly expenditure of the entire sample fell by about 2,000 rubles households that were not affected. Finally, there appears to be no uniform pattern between households affected and non-affected by an income shocks on doctor visits. In fact, and surprisingly, the total number of doctors' visits fell in 2008, the year prior to the crisis, while it increased in 2009 during the crisis year. 6 In addition to the above method of identifying affected households, we also use an alternative measure, namely unemployment by any member of the household to determine which households were affected by the crisis. Households are crisis affected if they suffered a significant drop in: (i) the total number of household members that were employed; (ii) the percentage of household members employed in household, while also controlling for changes in the size of the household (due to births, deaths, migration, etc.). Whilst this is a narrower definition of a crisis affected household, we find a significant overlap between the 'affected' families derived by the both methods. 7 The RLMS also contains household's self-assessment of their health status and some anthropometric indicators. We omitted the self-assessment questions because those questions bring up a series of caveats might are exacerbated during pessimistic periods such as crises. We omitted the anthropometric measures because of the small sample size across the longitudinal survey.
5. Methodology -Propensity score matching 5.1. Difference-in-difference with propensity score matching
In order to estimate the impact of an income shock sustained during a crisis year, we employ a difference-in-difference propensity score matching estimator (see Heckman et al, 1999), which extends simple before-after comparisons to determine the treatment effect based on the presumption that the outcome variable can also change over time due to reasons unrelated to income shocks. Such an approach requires longitudinal data and builds on the assumption of time-invariant linear selection effects. Following Heckman et al (1998), we implement a conditional difference-in-differences estimator. This method combines a propensity score matching approach with the difference-in-difference empirical strategy. 8 This technique relaxes the linear assumption when controlling for observables relative to standard difference-indifference modeling and controls for unobservables by exploiting the longitudinal dimension of the data. This further feeds into Smith and Todd (2005) , who show that the difference-indifferences matching estimator performs the best among non-experimental matching based estimators. 8 As such, this method builds on propensity score matching (PSM). It is explained in the next section (as this is our robustness check). When longitudinal data on participants and non-participants before and after an intervention are available, average treatment on the treated (ATT) can be estimated using a method of differencein-differences with matching. The basic idea of matching is to find a control group that has similar distribution of X as the treatment group. Matching is combined with differenceindifference estimation to allow intervention selection to be based on unobserved variables.
However, this method requires the unobserved variables be time-invariant.
Let Y0F denote pre-intervention outcome. After the intervention, let Y1s and Y0S denote potential outcomes in states of intervention and no-intervention, respectively. ATT after the intervention is defined as:
The difference-in-differences with matching method relies on an assumption that conditional on X, difference in outcome expectations between the participants and nonparticipants is timeinvariant:
Then, ATT can be identified, since:
ATT is also identified, since:
The matching estimator is based on equation (3). It is equal to difference-in-differences in outcomes between the treatment and control groups before and after the intervention.
Propensity score matching
As already mentioned above, our first robustness check is propensity score matching (PSM), which in fact, is a basis for conducting a difference-in-difference with matching. When both of these conditions are satisfied, the average treatment impact (ATT) is calculated as follows:
Following past studies, we carefully choose covariates to be included in the first step, namely the propensity score estimation. While doing the matching, we rely on the usual diagnostic tests such as: the post matching reduction in bias, the likelihood ratio test of the joint significance of all covariates and the pseudo-R2 from probit of treatment status on covariates after matching on matched sample.
After matching, there should be no systematic differences in the distribution of covariates between the treated and control groups; as a result, the pseudo-R2 should be low and the joint significance of all covariates should be rejected.
Propensity score estimation, per se, is not enough to estimate the ATT of interest. Because the propensity score is a continuous variable, the probability of observing two units with exactly the same propensity score is, in principle, zero. Various matching algorithms thus have been 
Fixed effects model
As a final robustness check we run fixed effects parametric regressions. As noted above, the longitudinal dataset allows us to implement fixed effects and thus, to account for the omitted variable bias. A key concept of the fixed effects is the existence of time-invariant characteristic that may influence the outcome variable. If one accounts for the existence of this time-invariant characteristic, then any changes in the outcome variable must be due to variables other than these fixed characteristics.
Identifying vulnerable groups
To identify vulnerable groups we follow the approach taken by Glewwe and Hall (1998) and we regress the percentage change in household consumption on various vulnerability characteristics. Table 2 reports the results. The results show that female headed households, households with large number of children (higher than 3), large households, and households whose head has a low level of educational attainment are particularly vulnerable to shocks. Households with a higher number of elderly people are less susceptible to shocks, which, although counterintuitive at first, is explained by significant transfers (either in a form of pensions or social assistance). 9 9 Nevertheless, when doing our analysis, we still confine parts of it to the households with higher number of elderly people.
Results
Our analysis has three parts: (i) we analyze the impact of the income shock on the entire sample;
(ii) we restricted the analysis to the lowest quintile of the population (in order to analyze the impact of the income shock on the poor); 10 (iii) we restrict our analysis to other vulnerable groups.
Before elaborating our main results, Table 3 presents an overview of the main descriptive statistics used in the analysis. Tables 4, 5 and 6 present our difference-in-difference propensity score matching results. 11 Table   4 reports the results conducted on the entire sample. There are a few empirical regularities that emerge from Table 4 . First, we see that there is no statistically significant difference between the crisis-affected and the non-affected group in the baseline scenario. This regularity holds for all three variables of interest: food expenditure, health expenditure, and doctors' visits. Second, the follow up scenario, namely, the year of the crisis and after, follows a similar empirical regularity. 10 As a robustness check we also conduct the analysis on the upper quintile (as well as a combination of the two upper quintiles). The results of these robustness checks are available on request. 11 We use one-to-one matching as a basis for the difference-in-difference matching procedure. The diagnostic tests for the propensity score matching (PSM) exercise that is a basis for the difference-in-difference PSM are presented in Appendix 1. Households affected by income shock Non affected Table 3 . Descriptive statistics Finally, the difference-in-difference results are not statistically significant suggesting that, when the entire sample is taken in consideration, crisis induced shocks have no effect on the variables of interest. Table 5 presents the results when the sample is restricted to households in the lowest quintile.
For the poorest, health expenditures are reduced significantly when the household is affected by an income shock. Here we see statistically significant results in both the follow up scenario as well as in the difference-in-difference matched score, suggesting that the crisis has an impact on the out-of-pocket health expenditure of the poorest quintile of the population. Table 6 presents the difference-in-difference propensity score matching for selected vulnerable groups. 12 The message that the table sends is unequivocal -there is a strong and robust link between income shocks and reduction in health expenditure (and in certain instances food expenditure) for vulnerable households. Indeed, the results suggest that households headed by people with low educational attainment tend to decrease both health and food expenditure as a result of events with a negative socio-economic impact. A similar finding emerges for households with larger number of older people. 12 We only report results that are significant. The rest of the results are available from the authors upon request. 
Propensity score matching (PSM)
Our initial robustness check is to conduct a propensity score matching (PSM) exercise. Table 7 presents the results of the propensity score matching method conducted on the entire sample.
As indicted above, the details of the diagnostic tests for the entire sample and for the lowest Table 8 presents findings from the PSM when restricted to the lowest quintile (the poor). In contrast to the results above, we find a statistically significant negative difference in health and nutrition behavioral indicators between crisis-affected and not-affected households, which closely mirror the finding from our difference-in-difference propensity score matching estimation above. When using both, one-to-one matching as well as nearest neighbor matching, we find a statistically significant difference in the amount of money spent on out-of-pocket health expenditure between the crisis-affected and not affected households. Therefore, the results reveal that crisis-affected poor households change their health behavior during the 2009 crisis in Russia. Table 7 . Propensity score matching for selected health/nutrition variables *** signficance at 1 per cent, ** signficance at 5 per cent while * signficance at 10 per cent level of signficance. All models estimated using the following control variables: household size, gender of the household head, asset index, education level and percent of household members that are employed. Post-matching dignostic tests point to successfulness in the process of matching.
Fixed effects model Table 9 presents the fixed effects model. In this specification, our crisis-dummy variable is 1 during and after the crisis year (2009), while it takes values of 0 for the years prior to the crisis.
The results for the entire sample are similar to those found when estimated using the nonparametric technique above, namely that there was no statistical difference between crisisaffected and not affected households. However, when restricted to the sample of households in the lowest quintile, we find that crisis-affected low income households reduced their health expenditures more than low income households that were not affected by income shocks.
Finally, we repeat our analysis on the vulnerable groups only, which are reported in Table 8 . Propensity score matching for selected health/nutrition variables for the lowest quntile mean value *** signficance at 1 per cent, ** signficance at 5 per cent while * signficance at 10 per cent level of signficance. All models estimated using the following control variables: household size, gender of the household head, asset index, education level and percent of household members that are employed. Post-matching dignostic tests point to successfulness in the process of matching. All models estimated with robust standard errors. *** denotes singficance at 1 % level of signficance, ** denotes signficane at 5% level of significance, while * denotes signficance at 10 % level of signficance. All modles estimated with control variables used for the propensity score matching: age of the head of the households, whether or not the household is headed by a male, education level of the head of the household, size of the household as well as the asset index for each housheold (results of the control variables are not reported but are conistent with the results obtained with the semi-parametric modelting techniques. Robust standard errors are reported in parantheses.
Discussion
We find that on average, Russian households affected by the 2009 crisis where no different to households that were not affected by the crisis in terms of household's health and nutrition behavior. The finding is not very surprising given Russia's wealth and ability among many households to move towards home production of food, during and in the aftermath of the crisis.
Previous research also failed to find robust and significant impacts of crises on nutrition in
Russia. Stillman and Thomas (2004) for example find that nutritional status appears to be resilient to variation in household resources. Gross energy intake, adult body mass index (BMI), and child stature all change very little as expenditure deviates from its long-run average. In contrast, they find a positive, significant and substantively large effect of longer-run resources on energy intake, two indicators of diet quality, adult body mass index (BMI), and child stature.
Their study suggests that fluctuations in income might have a more significant effect in long than in short run. Dore et al (2003) , while assessing dietary trends for children in low and high income households during this politically and economically unstable period from 1994 to 2000, find that low income children maintained a steady energy intake per kilogram weight throughout the study period, whereas intake for high income children increased energy intake per kilogram weight significantly. Their results suggest that Russian households were able to conserve their diet structure for children by using what appear to be food-related behavioral mechanisms during periods of economic crisis.
On the other hand, our analysis does confirm a strong link between crisis-affected poor households and out-of-pocket health expenditure, which is in line with the existing literature. Moreover, our results also suggest that there is a strong link between vulnerability and out-ofpocket health expenditure (and, in certain instances, food) especially in the periods of crisis.
Certain vulnerable families (such as those with household heads with low educational attainment) All models estimated with robust standard errors. *** denotes significance at 1% level of significance, ** denotes significance at 5% level of signficance, * denotes signficance at 10% level of significance. All models estimated with control variables used in the propensity score matching exercise: age of the head of household, whether or not the household is headed by male (where appropriate), level of education of the head of the households (where appropriate), as well as an asset index. The results of the control variables are not reported but are consistent with the results obtained in the propensity score matching. Robust standard errors are reported in parantheses. Our analysis of the crisis in 2009 in Russia shows that there was no statistically significant impact on the average household on food consumption, out-of-pocket health expenditures, and doctors' visits of crisis-affected households. However, we find robust evidence that poor (lowest quintile) crisis-affected households spent less on health services, compared to poor households not affected by an income shock. 13 Furthermore we find that vulnerable people affected by the crisis in 2009 altered their health and nutrition behavior. In particular, households with low educational attainment of household heads that suffered an income shock tended to decrease expenditures on both food and health services, while households that had a higher number of elderly people tended to curb the use of health services. These findings suggest a particular need to protect the health and nutritional needs of the poorest and most vulnerable in the population, but not necessarily the entire population.
The findings underscore the need to study crisis impacts for sub-groups, despite the finding that the overall health and nutritional behavioral responses may not vary between households that were and were not affected by income shocks. In addition, the study reveals the value of using
longitudinal household survey data to analyze the impact of crises.
Appendix 1 -PSM Diagnostic tests
The importance of the propensity score matching is two-fold: first to estimate ATT and second to obtain matched treated and non-treated observations as inputs for analysis of the impact of the income shocks on health and nutrition variables. The probit analysis of the impact of the crisis-produced income shocks on households is depicted in Table A1. The table reveals Table A2 . Tables A3 and A4 present the balancing information for propensity scores and for each covariate after matching, for both, the entire sample as well as for the lowest quintile. Tables A5 and A6 provide evidence for additional diagnostic tests (pseudo R2 and the significance of the likelihood ratio). We use the standardized bias difference between treatment and control samples as a To compute the ATT, three alternative matching methods (one-to-one matching, nearest neighbour matching and kernel matching) are used and compared. All the analyses are based on implementation of common support and calliper, so that the distributions of treated and nontreated units are located in the same domain.
We also conduct sensitivity analysis of unobserved heterogeneity. As noted by Hujer et al.
(2004), sensitivity analysis for insignificant ATT estimates is not meaningful and thus we restrict the sensitivity tests to the lowest quintile sample. Table A7 presents results of the Rosenbaum bounds sensitivity analysis. The table shows the null hypothesis of no impact of an income shock on health care expenditure is not plausible. The negative effect of an income shock is not sensitive to selection bias due to unobserved bias even if we allow households that were affected and non-affected by an income shock to differ by as much as 100 percent. Based on this result, we can conclude that the ATT estimates in Table 9 are a pure effect of the impact of the income shock. 
